Background--Metabolomics is a promising tool of cardiovascular biomarker discovery. We systematically reviewed the literature on comprehensive metabolomic profiling in association with incident cardiovascular disease (CVD).
moment in time. Currently, high-throughput technologies allow the quantification of hundreds of circulating metabolites across multiple pathways in a single measurement. This approach is advantageous because it is not limited to a single enzymatic reaction or pathway; rather, it captures the complexity of metabolic networks. Metabolomics has considerably increased interest in metabolism across cardiovascular research. 5 Large-scale metabolomic profiling, including "metabolomewide" studies, may identify metabolic changes that precede irreversible organ damage and the appearance of disease and thereby may lead to the early identification of individuals at high CVD risk. For this reason the search for metabolites that could be used as clinical biomarkers is probably 1 of the most interesting aspects of metabolomics in CVD research. 6 The identification of metabolomic risk profiles has the potential to improve risk stratification and early identification of CVD. In fact, metabolomics and its sister science, lipidomics, are among the newest approaches in the search for novel biomarkers. 7 Single biomarkers are no longer sufficient to interpret or characterize complex biological phenomena, and new metabolomic approaches recognize the importance of characterizing the interrelation of metabolites-the metabolic "fingerprint" of disease and preclinical disease states. An inherent interest in using metabolomics in cardiovascular medicine is also driven by the hypothesis that metabolomics findings may lead to a better understanding of the pathophysiology and biological mechanisms involved in the genesis of clinical CVD events. Such an understanding would pave the way to new, evidence-based approaches in preventing and managing CVD.
Comprehensive metabolomic profiling applied to CVD is still in its relative infancy. 8, 9 Currently, there is no single approach that provides comprehensive coverage of the human metabolome, and many approaches have been used alongside a wide range of analytical platforms, each requiring specific sample preparation, approaches (eg, targeted versus untargeted), and post-data acquisition statistical methods. 10 Given the wide variety of metabolomic profiling approaches, in this systematic review, we aimed to assess and summarize existing literature on comprehensive profiling of circulating metabolites, following an agnostic or hypothesis-free approach, and incident CVD, focusing our review on analytical methods, metabolites assessed and associated with incident CVD risk, and the predictive value of these metabolites.
Methods
The review protocol was registered in PROSPERO International Prospective Register of Systematic Reviews (crd.york.ac.uk/prospero/index.asp Identifier: CRD42015015594). This systematic review was performed according to the MOOSE (Meta-analysis Of Observational Studies in Epidemiology) checklist 11 ( Table 1) .
Data Sources and Search Strategies
We conducted a comprehensive search in MEDLINE (via Ovid and PubMed) and EMBASE from inception through December 2016. Our search strategy included medical subject headings and key terms related to metabolomics and CVD ( Table 2 ). The search in EMBASE was limited to English, Catalan, Czech, French, German, Italian, Portuguese, Slovak, or Spanish, reflecting the competencies of the first authors. No language limits were set in MEDLINE. We also manually searched references in relevant articles that were identified during screening.
Eligibility Criteria
Two investigators (M.R.-C. and A.H.) independently reviewed all titles and abstracts identified by the search using an online tool for title and abstract screening (http://abstrackr.cebm.
Clinical Perspective
What Is New?
• Metabolomic profiling may identify metabolites potentially useful as clinical biomarkers for risk stratification and early identification of cardiovascular disease (CVD).
• This systematic review showed that only a small number of longitudinal studies have used comprehensive profiling of circulating metabolites in plasma or serum to identify an early "metabolic fingerprint" for CVD.
• Currently, metabolite species associated with higher CVD risk include acylcarnitines, dicarboxylacylcarnitines, as well as several amino acids such as phenylalanine and glutamate, and several lipid classes; however, the addition of these metabolites to CVD risk prediction already employing traditional risk factors yields only small improvements in predictions.
What Are the Clinical Implications?
• Current data are promising, although metabolomics approaches and results appear to be heterogeneous.
• The lack of robust replications is one of the main limitations in the existing literature due to heterogeneity in study designs, definitions of end points, features of the metabolomics platforms, and small sample sizes.
• Additional studies are needed to identify clinically useful metabolic fingerprints for early identification of individuals at high CVD risk. Search strategy, including time period included in the synthesis and key words 2, Table 2 9 Effort to include all available studies, including contact with authors 2 10 Databases and registries searched 2
11
Search software used, name and version, including special features used (eg, explosion) 2, Table 2 12 Use of hand searching (eg, reference lists of obtained articles) 2
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List of citations located and those excluded, including justification Figure   14 Method of addressing articles published in languages other than English 2 brown.edu/). Studies with discrepant decisions were full-text reviewed, and disagreements between reviewers were resolved by consensus. Studies were eligible if they met the following criteria: studies had to have been conducted in adult, nonpregnant humans; metabolites studied had to be related to more than 1 specific biological pathway or come from different chemical classes (ie, following an agnostic and/or comprehensive approach); serum or plasma was the biospecimen (we excluded metabolomics profiling conducted in urine samples); metabolite profiling had to have been conducted at least at baseline in the context of a prospective study; and myocardial infarction, stroke, and/or CVD death were included as part of the definition of the main CVD outcome(s).
Data Extraction
Data, extracted independently by 2 investigators (M.R.-C. and A.H.), included first author, year of publication and journal, study name and location, design of the study, duration of follow-up, sample size, analysis technique, biospecimen (serum/plasma), primary outcome, number, type, and identity of metabolites investigated, analysis approach (targeted/ untargeted), statistical tests used, covariates included in the fully adjusted model, and main findings.
Results

Search Retrieval
We identified 629 titles from electronic databases after the removal of duplicates (Figure) . Following the screening of titles and abstracts, 202 articles were eligible for full-text review; 11 of these were selected, and 1 article was added after a hand search, for a total of 12 original articles included in the present systematic review. [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] Most of the 191 articles were excluded because they were cross-sectional or did not include in their outcome definition at least 1 of our prespecified CVD outcomes (ie, MI, stroke, and/or CVD death).
Characteristics of Included Studies
General characteristics of the 12 selected articles [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] are shown in Table 3 . Half of the articles (6/12) were published in 2014, and all except 2 20, 23 were conducted using European and/or US populations. These 12 articles include 19 separate primary discovery (or "learning") and replication (or "validation") analyses of metabolites in relation to CVD risk. Three articles 12, 13, 15 included replication analyses conducted in samples derived from the same population, and another 4 articles included replication analyses conducted in 1 18, 19, 23 or 20, 23 In most studies the main outcome was a composite of several end points in addition to MI, stroke, and/or CVD death, with additional CVD conditions including, for example, angina, revascularization, or heart failure.
All of the studies used variations of mass spectrometry (MS) for analyzing metabolite features, while 2 studies also used nuclear magnetic resonance spectroscopy (NMR) or Table 3 . Continued both NMR and MS techniques. 17, 22 Additionally, the consistency between NMR and liquid chromatography (LC)-MS for biomarker associations with CVD was assessed by W€ urtz and colleagues. 22 Twelve analyses relied on plasma, and 7 used serum samples.
Methodological and Statistical Approaches
Four studies used an untargeted profiling approach to identify both unknown and known compounds, including up to 10 162 metabolite features, 13 20 and a maximum of 310 lipid species in the study by Alshehry and colleagues. 23 Targeted metabolite features tended to include groups of amino acids and related metabolites, acylcarnitines, and lipids. Different data reduction approaches were applied, including principal component analysis (PCA), stepwise selection, correlation minimization, and others. PCA was implemented in 3 (primary) analyses, 12, 14, 16 and another employed PCA in secondary analyses. 23 The derived factors were then used as independent variables potentially associated with CVD risk. A combination of learning/discovery and validation/replication samples were used in 6 studies, in which features that were found to be significant in the learning set were carried into the validation set(s). 12, 13, 15, 19, 22, 23 The least absolute shrinkage and selection operator (LASSO) algorithm was applied in 3 articles. 17, 18, 23 In 6 of 12 articles, 12, 14, 16, 17, 20, 21 a score was developed combining between a minimum of 4 and a maximum of 16 metabolites; scores were subsequently used as an independent variable to predict CVD risk. Two of these articles calculated a score by summing the regression coefficients of metabolites independently associated with CVD, multiplied by the metabolite levels, and then used the score to prospectively assess the association with CVD. 17, 20 Another article used the sum of quartile ranks according to the association between metabolites and alcohol and considered 3 specific metabolic pathways. 21 All articles except 1 used Cox regression models to estimate the association between metabolites, components, Included a validation analysis in the Twins UK study; however, the study was inadequately described for inclusion in this table. ‡ Also reported a cross-sectional analysis and/or study not described here. § Another prospective study was also reported (Cardiovascular Risk in Young Finns) but was used to track metabolite markers over time, confirm quantification of NMR fatty acid biomarkers, and assess associations with dietary data. 20 targeted 31 amino acids using high-performance LC-electrospray ionization-MS/MS and calculated the area under the curve for models including all possible combinations of 6 or fewer amino acids. The final model included ethanolamine, hydroxyproline, glutamic acid, 3-methylhistidine, tyrosine, and tryptophan, and it was defined as the amino acid-based index. Zheng and colleagues, in an untargeted NMR approach capturing 356 named compounds (mainly lipids and amino acids), developed scores from the sums of quartile ranks of alcohol-related metabolites belonging to 3 metabolic pathways-the c-glutamyl dipeptide pathway (c-glutamyl, valine, phenylalanine, leucine, isoleucine, tyrosine, glutamate, and alanine), the lysophosphatidylcholine pathway (1-palmitoleoyl-glycerophosphocholine, 1-stearoylglycerophosphoethanolamine, 1-pentadecanoyl-glycerophosphocholine, and 2-arachidonoyl-glycerophosphoethanolamine), and the 2-hydroxybutyrate pathway (2-aminobutyrate, a-hydroxyisovalerate, a-hydroxyisobutyrate, a-hydroxyisocaproate, 2-hydroxy-3-methylvalerate, and 2-hydroxybutyrate). Higher lysophosphatidylcholine scores and the 2-hydroxybutyrate scores were associated with 4% to 7% higher CVD risk, and the c-glutamyl dipeptide score was associated with 2% reduced risk. 21 Five articles 13, 15, 18, 19, 22 reduced the initial number of metabolites (ranging from 68 22 to >10 000 19 features) using either false discovery rate or Bonferroni approaches, resulting In an analysis of 68 targeted features including lipids, amino acids, and other metabolites, W€ urtz and colleagues 22 identified 19 metabolites in the discovery cohort significant after Bonferroni correction, which were subsequently carried into 2 separate replication cohorts. In meta-analyses of the 3 cohorts, 5 metabolites were associated with risk of CVD: phenylalanine and monounsaturated fatty acids were associated with 18% and 17% higher risk, respectively, and polyunsaturated fatty acids, x-6 fatty acids, and docosahexanoic acid were associated with 12%, 11%, and 10% lower risk of CVD, respectively.
Finally, Alshehry and colleagues 23 evaluated 310 LC-MSderived lipid species in relation to CVD. After removing highly correlated species in the discovery sample, 27 lipid species were directly associated (including di-and trihexosylceramides, alkylphosphatidylcholines, and lysoalkylphosphatidylcholines), and 5 (including several phosphatidylcholines) were inversely associated with CVD events and/or death. Results of analyses for CVD death alone overlapped with those for events and death combined.
Predictive Analysis
Nine articles assessed whether metabolites or scores significantly associated with CVD risk were useful in discriminating and/or improving prediction of cases versus noncases beyond that obtained with traditional risk factors alone and reported Harrell C discrimination, net reclassification improvement, and integrative discrimination improvement indices (Table 5 ). Tiny improvements in CVD prediction were observed when metabolites were added to predictive models already containing traditional CVD risk factors. Specifically, after adding the metabolites into the prediction model with traditional CVD risk factors, the C index increased between 0.006 points in the study by Shah and colleagues 14 and 0.05 points in the study by Rizza and colleagues. 16 After a 2-step metabolite-ranking procedure and optimal model selection, 7 lipid species were retained in the study by Alshehry and colleagues 23 (18:2)]. Despite the inclusion of these species in optimized CVD prediction models, only 3 were independently significantly associated with CVD risk in weighted Cox models in the discovery sample, and none was significant in the replication sample. As shown in Table 5 , the C index improved from 0.680 using only clinical variables to 0.700 after addition of these 7 lipid species.
Discussion
This systematic review identified 12 articles including 19 analyses that have prospectively assessed the association between a wide circulating metabolomic profile and risk of CVD events. [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] These articles included metabolite features measured at baseline using predominantly MS as the analytical method. The number and chemical diversity of metabolites were very heterogeneous. Several data reduction approaches were followed in order to identify a smaller subset of metabolites associated with CVD risk. Most of these articles also evaluated the incremental discriminative and predictive capability of metabolites beyond the use of only clinical information and traditional risk factors. Our systematic review reveals the diversity and complexity of current metabolomic profiling in human CVD and, moreover, the challenge of currently drawing any summary conclusions regarding specific circulating metabolites as they relate to CVD risk.
Metabolites Associated With CVD
According to this systematic review, the following types of metabolites are, individually or as a group, associated with CVD risk: acylcarnitines and dicarboxylacylcarnitines, 12, [14] [15] [16] TMAO, 13, 15, 17 several amino acids such as phenylalanine, 21, 22 glutamate, 17, 20, 21 and several lipid classes. 18, 19, [21] [22] [23] In hypothesis-based analyses with participants from the PRE-DIMED study, we have also found an association between CVD risk and branched-chain amino acids, 24 acylcarnitines, 25 glutamate, 26 ceramides, 27 and tryptophan. 28 Other studies have also found an association between a score of 3 amino acids, 29 as well as ceramides 30 and the risk of CVD. This consistency reinforces the potential causal relationship between these metabolites and CVD or at least the role of these metabolites as biomarkers of biological dysfunction related to CVD. 31 Interestingly, dicarboxylcarnitines and acylcarnitines, 32 plasma branched and aromatic amino acids, [33] [34] [35] phenylalanine, 33-35 a-hydroxybutyrate, 36,37 and ceramides 38, 39 have been associated with cardiovascular risk factors including obesity, insulin resistance, and diabetes mellitus. Different complex mechanisms, including inflammation and stress oxidation, are underlying processes potentially explaining these associations. 39 
Metabolomic Approaches
In order to address specific questions regarding the utility and practice of broad (agnostic) metabolic profiling ("metabolic fingerprint") in predicting CVD, we restricted our systematic review to prospective studies assessing more than 1 specific biological pathway and/or metabolites from different chemical classes. Therefore, we excluded previous studies using only 1 metabolite or only a small set of targeted compounds. For example, we did not include a meta-analysis of 22 prospective studies published between 2001 and 2013 that found an association between a single metabolite, asymmetric dimethylarginine, and CVD outcomes. 40 Although informative, 1 drawback of a relatively narrow, targeted approach is that it does not render a global metabolic picture of our understanding of the complex biological mechanisms underlying CVD, thus potentially leading us down less-than-fruitful paths. 41 Numerous parallels may be drawn with genetics studies in this regard, where single variant studies have frequently yielded different results from genome-wide studies. However, genetics studies now benefit from considerably more uniform techniques, statistical approaches, databases, and reporting methods, all of which are still broadly lacking in metabolomics research. Eight of the articles in this review used a targeted approach and analyzed metabolites from the same chemical families. Among them, 5 articles targeted acylcarnitines and/or amino acids, 12, [14] [15] [16] 20 and 2 studies analyzed a group of lipids. 18, 23 W€ urtz and colleagues 22 included 68 metabolites, although some compounds evaluated (eg, x-3 fatty acids) cannot be properly considered "small" molecules. Among these targeted approaches, the number of metabolites ranged from 31 amino acids 20 to 310 lipid species. 23 Targeted metabolomics quantifies the levels of metabolites, and it is preferable when the aim is a specific pathway. 42 However, limiting the number or variety of metabolites may be considered a source of bias when the aim is to define a more global metabolic profile or identify the most important circulating biomarkers related to CVD risk. 43 In other words, when taken at face value, the results of this systematic review could suggest that acyclarnitines are reliable predictors of incident CVD given that 4 articles showed elevated CVD risk with higher acylcarnitine levels. However, this would belie 2 important points: first, that which is not studied cannot be evaluated, and second, the studies using an agnostic, untargeted approach did not findto our knowledge-associations of acylcarnitines with CVD risk. However, this latter approach is likely to be less powerful because of issues related to multiple testing in comparison with targeted approaches based on a priori hypotheses. Additionally, it is difficult to compare the results when the number and nature of initial metabolites differ so greatly among studies. Four articles included in this systematic review followed an untargeted approach. 13, 17, 19, 21 This approach is initially considered an unbiased and unsupervised manner of biomarker discovery. However, the initial range of metabolite features ranged from 100 17 to more than 10 000. 19 In addition to the potential risk of bias in those studies with less comprehensive extraction procedures, an additional problem in an untargeted approach is the identification of metabolites. There is still a relatively low percentage of known metabolites with annotated spectra. 44 This results in additional difficulties in comparing results from studies using different untargeted methods.
In this review, articles using untargeted methods also differed from those using targeted methods in the reliability of quantification. An untargeted analysis usually provides a relative quantification, whereas a targeted approach presents absolute quantities, usually expressed in micromolar units. This difference in analytical approaches is also an important factor in terms of comparability between studies. However, improvements in instrumentation will likely allow the merging of untargeted data collection with quantification of metabolites. This would present an optimal situation, combining a hypothesis-free approach with an approach driven by an a priori hypothesis. A related problem is with the reporting of findings. Journal space limitations naturally preclude the publication of hundreds of metabolite associations, even in supplemental material. Even if the vast majority of these associations are null, without the availability of such data, there is no reliable way to include effect/association sizes in future quantitative meta-analyses without risking a biased presentation. This will likely become a more important issue as calls for full data and results sharing continue to gain momentum.
Study Designs, Populations, and Outcomes
All the articles included in this systematic review measured metabolites at baseline and assessed the association of these profiles with incident CVD. Previous studies [45] [46] [47] have compared the metabolite phenotype of CVD patients with that of healthy participants. Such an approach might allow the identification of abnormalities in metabolism present in diagnosed CVD, which may drive secondary prevention endeavors. 7 In contrast, the studies presented in this systematic review were designed to study circulating metabolites associated with future risk of CVD through the identification of early metabolic changes. 5 We found important differences among articles in baseline characteristics of participants and in outcome definitions. Four articles included participants with baseline coronary stenosis [12] [13] [14] or previous history of CVD. 16 This makes it difficult to compare the findings for associations between metabolite profiles and CVD across all the included articles because the presence of baseline coronary disease is likely already influencing the levels of metabolites. Cardiometabolic risk factors such as anthropometric markers, 48 obesity, 33, 48, 49 and diabetes mellitus 34, 50 have been shown to have a metabolic fingerprint. In previous research we found that an association between baseline branchedchain amino acids and CVD was no longer statistically significant after adjusting for diabetes mellitus, dyslipidemia, and hypertension, which may be intermediate factors in the causal path. 24 Moreover, the metabolite profile may be different according to the stage of disease. 51 Thus, the varying selection criteria and control for confounders add more challenges to understanding the complexity of metabolic networks when comparing results among published articles. 52 
Analytical Techniques
Eleven of 12 studies used MS with some separation technique, with 1 of these additionally including NMR in a targeted approach 22 ; 1 study exclusively used NMR and followed an untargeted approach. 17 The study using both NMR and MS techniques concluded that metabolite associations with CVD obtained from NMR were largely consistent with those obtained using a LC-MS platform. 22 Individual metabolites are separated by their mass-to-charge ratio in the first case and by their magnetic resonance shift in the second. NMR requires minimal sample preparation and is less expensive that MS. 53 These characteristics make it more appealing in the cardiovascular clinical context. 54 However, compared with MS, NMR has lower sensitivity and is limited to the analysis of around 100 of the most abundant metabolites in a sample. In fact, 100 signals were initially identified in the study using NMR and an untargeted approach, 17 whereas thousands of signals were identified in the untargeted studies using MS. 13, 19 Therefore, MS is ostensibly a better approach to discovering new biomarkers because it enables the measurement of low concentrations of metabolites. Another difference among the studies was the type of sample and sample-preparation method. Seven studies used plasma samples, 3 used serum, and 2 used both. 19, 22 Samples were also not uniformly drawn in the fasted state. Plasma and serum samples are similar but not equivalent, and care should be taken before extrapolating results obtained from plasma to serum or vice-versa. The sample preparation and extraction protocol are key aspects of metabolomics analyses. Physical aspects such as the extraction solvent, temperature, derivatization reagents, and so on may affect the extraction process. The use of coagulant could also affect results. Thus, although reproducibility between plasma and serum samples is possible, differences among metabolite concentrations can be found between types of blood samples.
Statistical Analysis
All the articles included in this systematic review used methods to identify a combination of metabolites or a reduced number of individual metabolites related to CVD. The approach of combining metabolite signals may lead to data overfitting when using b coefficients obtained from analyses of individual metabolites, in which weights were used to calculate combined scores and thereafter to relate scores to study outcomes. Six articles applied univariate analyses (ie, when 1 metabolite is analyzed at a time) to select the metabolites associated with CVD. Four of them 13, 19, 22, 23 initially used a discovery sample, followed by a correction method for multiple testing (false discovery rate or Bonferroni) and testing in a validation sample. Shah and colleagues presented as main results metabolite features without correction for multiple comparisons because they considered the analyses to be exploratory and because a Bonferroni correction was too conservative. Besides considering the multiple testing issue, univariate analyses do not take into account the relationship between and among metabolites in similar or different pathways. In addition, many of the analyses including 1 metabolite at a time (univariate analyses) were unadjusted for potential confounders.
Six articles used data-driven multivariate methods in which all variables are included simultaneously, and some variablereduction technique is subsequently applied to deal with the relationships among them. Of these studies, 4 12, 14, 16, 23 applied PCA, which is frequently used to deal with a high number of interrelated variables in several biological pathways. The other 2 articles 17,18 applied the LASSO algorithm, which is an automated variable selection method, and another used both multivariable models optimized with Akaike information criteria and the LASSO algorithm. 23 The study by Stegemann and colleagues also applied 2 alternative selection algorithms (backward stepwise and best subset) and included a network analysis. 18 Another data-driven approach-assessing CVD risk according to metabolites grouped in scorespresents an additional difficulty in synthesizing results among the presently included studies. In the studies reviewed, score calculations such as PCA, were based on approaches specific to the samples studied, thus making it difficult to extrapolate the relevance of these scores from 1 sample population to another. In short, the different statistical approaches show the need for clearer standards about the statistical analyses that should be applied in metabolomics. Data pretreatment methods, including scaling, centering, and transformations, are another source of heterogeneity between and among studies. This methodological aspect is often overlooked, although it can be an important determinant in the selection process of those metabolites that may become more influential in the results. Issues of sample size and statistical power, addressed in a very limited fashion in the studies included in this review, are also key aspects that should be addressed more thoroughly in future metabolomic analyses.
Limitations and Strengths
Several limitations of this systematic review should be acknowledged. First, we excluded those studies that assessed the association between only 1 or a small set of targeted compounds and CVD risk. The typical rationals for these a priori hypothesis-based studies are already known associations between specific metabolites and/or pathways and CVD risk. Some of this knowledge was obtained in some cases before the development of metabolomics. In contrast, this review was focused on studies following a wider metabolomic approach and where a statistical method was used for data reduction. Our rationale for this decision was our aim to obtain a robust summary of the best available evidence relating a broad metabolomic fingerprint and a prospective design with hard clinical end points. Second, for this same reason we excluded studies using other types of biospecimens such as urine or saliva. We opted to focus on circulating blood metabolites to reduce the already known variability in metabolomic profiles among different types of biosamples. Third, we excluded cross-sectional studies that examined the metabolomic profile of CVD patients and controls because our aim was to identify metabolites associated with early metabolic changes to predict the future risk of CVD. Fourth, we were unable to conduct a quantitative analysis, mainly because of the heterogeneity and limitations of the articles already noted above, that is, widely differing metabolite targets and approaches and differential reporting or nonreporting of associations. Nevertheless, our study is the first attempt to systematically review the results and methodological aspects of studies aimed to assess the association between a wide peripheral blood metabolomic profile and risk of future CVD events.
Conclusions
Metabolomics holds considerable promise as an emerging field applied to the discovery of novel biomarkers for the future risk of CVD. There are still a small number of longitudinal studies assessing the association between baseline metabolomic profiles and the risk of CVD. Current data are promising, although approaches and results are heterogeneous. The lack of robust replications is 1 of the main problems in the current literature because of heterogeneity in study designs, end points, metabolomics platforms, and small sample sizes. Toward this end, standardization of platforms, data analysis approaches, and study designs is critical. We also need larger numbers of cases, longer durations of followup, and repeated measures of metabolites, if possible. A pooled analysis of multiple studies would further help to improve statistical power and standardize analytic approaches. Finally, basic science research is needed to achieve better understanding of the biological mechanisms underlying the epidemiologic findings.
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